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Abstract: Cardiovascular disease (CVD) has become one of the greatest threats to human health, so accurate detection of early disease condi-
tions is crucial for reducing the mortality rate of cardiovascular disease. With the normalization of the COVID-19, the demand for electronic
auscultation, remote auscultation and intelligent auscultation is increasing. Through a retrospective study of the research and application of
electronic stethoscope and intelligent auscultation algorithms in the diagnosis of heart disease at this stage, a more comprehensive list of exist-
ing electronic stethoscope and heart sound databases is given, and some key technologies that need to be solved urgently in the intelligent aus-
cultation of heart sounds are summarized, providing suggestions on algorithms to improve the accuracy of intelligent auscultation, Suggestions
are also provided on the development direction of electronic auscultation and intelligent auscultation.
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Fig.1 Waveform of heart sounds
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Fig. 2 Basic process of feature extraction based algorithm
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